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 This article presents a system focused on the detection of three types of 
abnormal walk patterns caused by neurological diseases, specifically 
Parkinsonian gait, Hemiplegic gait, and Spastic Diplegic gait. A Kinect 
sensor is used to extract the Skeleton from a person during its walk, to then 
calculate four types of bases that generate different sequences from the 25 
points of articulations that the Skeleton gives. For each type of calculated 
base, a recurrent neural network (RNN) is trained, specifically a Long short-
term memory (LSTM). In addition, there is a graphical user interface that 
allows the acquisition, training, and testing of trained networks. Of the four 
trained networks, 98.1% accuracy is obtained with the database that was 
calculated with the distance of each point provided by the Skeleton to 
the Hip-Center point. 
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1. INTRODUCTION  
The design of systems based on artificial intelligence techniques with a focus on medicine has 
gained importance in various research. In [1], it was sought to automate the detection of multiple sclerosis, 
implementing deep learning techniques, specifically the convolutional neuronal networks (CNN),  
where a correlation of 0.97 is obtained with respect to the manual annotations of the white matter, 
 concluding that the use of CNN to automate processes of detection of white matter is close to that of experts,  
being a clear starting point for the implementation of this type of systems.  
CNN is a Deep learning technique [2], that has been demonstrated its high performance in pattern 
recognition [3], with an emphasis on image classification [4]. This technique has been to have some 
evolutions in complementaries architectures like the DAG-CNN [5] and the R-CNN [6]. In [7], CNNs are 
used for segmentation of magnetic resonance images, in order to classify images of brains according to 
the age of the person, where 82% to 91% of the precision of the classifications is obtained. 
In [8], it is emphasized that with current methods, the diagnosis of Parkinson's disease tends to be 
subjective, for this reason a Kinect sensor [9] is used as a support for the diagnosis of Parkinson's, seeking to 
capture by means of this, the movement of patients, the movement of patients, extracting characteristics such 
as amplitude and frequency of movement, which are important for physicians to make a correct diagnosis of 
this disease. In [10], it is mentioned that currently for the detection and identification of neurodegenerative 
diseases, physicians tend to analyze the progress of patients, in this case, they focus on the detection of 
Parkinson's disease, Huntington and amyotrophic lateral sclerosis, implementing a type of RNN called 
LSTM, achieving a 95.67% accuracy in the identification of the gaits. 
Several studies have already focused on the analysis of alterations in the gait, behavior or postures 
of people. In [11], a type of shoes were designed that are made up of various sensors such as load cells, 
accelerometers, and gyroscopes that help to identify the gait of the person, vectors of machine supports 
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(SVM) are implemented for the classification between types of normal gait, foot inwards, foot outwards, 
among others, obtaining between 89.6% and 93.38% accuracy in the classification of gait abnormalities, 
presenting as a disadvantage that the methods used tend to be intrusive for the user. In [12], different types of 
RNN are evaluated, such as the LSTM, the vanilla RNN, and the Gated Recurrent Unit GRU,  
to detect abnormal behaviors in elderly people with dementia, it is concluded that the LSTM has a better 
behavior achieving up to 96.7% accuracy in the identification of abnormalities. In [13], using CNN and  
the movement of the Skeleton of a person turn it into an image to detect the actions that are being carried out,  
such as movements in the body and actions in sports, the proposed method is tested with different databases, 
obtaining percentages of accuracy between 86.97% and 95.45%. 
For the recognition of human actions, it becomes recurrent in current works, the implementation of 
deep learning algorithms whether through CNN or LSTM, demonstrating how robust and precise these 
techniques can be. As an example of the above in [14], genetic algorithms (GA) and CNN are used to 
recognize among 50 human actions of the UCF50 database [15], the GAs are used to initialize the CNN 
weights, achieving a 99.98% accuracy in the classification. In [16] and [17], the LSTM is used for  
the recognition of actions in people, where the first one focuses on identifying the action that a person is 
performing (walking, sitting, standing, jogging, among others), achieving 92.1% accuracy in  
the identification of actions. While in the second one, the use of LSTM is highlighted for the analysis of 
actions in a spatio-temporal way, the method is tested in different databases, obtaining a 95% accuracy in  
the classification of the UT-Kinect database [18]. 
The World Health Organization (WHO), conducted a study of neurological disorders and  
the challenges they presented to public health, where a forecast was made which mentioned that by 2030, 
12.22% of deaths would be attributed to neurological disorders [19]. These studies demonstrate the need to 
focus research on the identification and detection of neurological diseases. For this reason, this article 
exposes an investigation oriented in the detection and identification of three types of abnormal patterns  
in gait that are caused by some neurological disease: Parkinsonian gait, Hemiplegic gait, and Spastic  
Diplegic gait. 
The aim is to detect gait abnormalities by implementing LSTM. In [20], besides explaining  
the general operation of the LSTM, it is mentioned that they are a special type of RNN, that do not present 
the problem of long-term dependence that the classic RNNs do, which are explained in depth in [21],  
thus avoiding the problems that arise in the gradients of the deeper gradient of the network. This type of 
network was presented in [22], where it is emphasized that the implementation of LSTM leads to more 
precise results and faster training, compared to recurrent learning and retro-propagation over time. 
The paper is divided into 7 parts. In the first part, the general outline of the process is presented.  
The second focuses on the acquisition of the database and the calculation of input characteristics for section 
three, which focuses on the architecture of the LSTM and its training. In the fourth part, some of the cases of 
correct and incorrect classification of the network are shown. The fifth part presents a graphic user interface 
designed to facilitate and automate the process of identifying the type of gear. Then the classification times of 




2. RESEARCH METHOD  
2.1. Process scheme 
Figure 1 shows the general process of the proposed method to detect the type of gait abnormality 
that a person may have. The initial step is to perform the acquisition of the person's gait, for this it is decided 
to use a Kinect V2, taking into account that it is a non-intrusive system and therefore it will not affect or 
cause variations in the patients’ walk during the tests. In addition, it has already been implemented in similar 
research as evidenced in the state of the art. The user must walk in front of the sensor, taking into account 
that his whole body must be seen so that the Skeleton can be extracted correctly. Once it is detected that there 
is no one in the field of vision of the sensor, a simulation of the person's walk is generated, using 
the extracted Skeleton, it should be noted that each frame of the video has a resolution of 512x424 pixels.  
From the coordinates of each point of the Skeleton in each of the tables of the video, the sequences that will 
be entered into the LSTM are calculated. Finally, the network classifies the gait entered into 4 categories 
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The stage of the database begins with the analysis of the data that the Kinect sensor provides from 
the person. Then it is necessary to understand the main characteristics of each of the gaits to be classified. 
Subsequently, four different types of databases are generated, with each of these a network will be trained. 
Finally, the number of training sequences and tests for the network is established. 
 
2.2.1.  Kinect data of the Skeleton 
In Figure 2, each of the joints that can identify a person, the Skeleton function of Kinect, being 25 in 
total. What the Skeleton provides are the coordinates of each of these points in each captured frame.  
With these coordinates, each of the joints can be linked to visualize the skeleton of the person in his 
trajectory. Only 5 frames per second are captured, being enough to obtain different positions of the body 





Figure 2. Joints to form the skeleton [4] 
 
 
2.2.2.  Gait patterns acquired 
This project is the first approach to evaluate the potential of LSTM to detect different abnormalities 
in gait patterns, for the acquisition of the database were used people who did not suffer any abnormality. 
Therefore, to generate the database, it is necessary to understand the main features of each one of the gait 
patterns, in order to imitate them correctly during the acquisition of the data. In [23, 24], each of the gait 
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abnormalities caused by some type of neurological problem is explained in detail. In general, the Spastic 
Diplegic gait, characterized by paralysis of the upper or lower extremities, is usually caused by cerebral 
palsy, the patient tends to walk with the upper part of the legs narrowly and shuffle when walking.  
In the Hemiplegic gait, unlike the previous one, the paralysis only occurs in one part of the body, the arm is 
flexed and rotated internally, the leg of the same affected area is in extension and when walking,  
semicircles are made with that leg. Finally, the Parkinsonian gait is characterized because the patient is with 
knees bent, the head bent and advances with small steps. 
In total, 220 videos are acquired for the database that meet the characteristics of each gait pattern to 
be evaluated, 55 videos per each type of gait, each representing one-quarter of the total database. Figure 3 
shows an example of each of the four marches to be classified in the network, it should be noted that for 






Figure 3. Gait patterns 
 
 
2.2.3.  Calculation of databases 
The base information used corresponds to the pixel coordinates of the X and Y axes of each of the 
25 points in each frame captured by video. What is sought is to generate databases where their values are 
representative in the walk of a person, for this reason, 4 different bases are proposed. With each of these 
bases the network will be trained, and different networks will be compared to verify which method provides 
greater precision in the classification of walking patterns. 
In Figure 4, the graph of the first database is presented, this corresponds to the X coordinate in 
pixels of each of the points in each frame of the image where the skeleton was detected. The person starts 
walking from right to left, this can be evidenced by observing the decrease in the value of the X coordinate as 
each picture acquired advances. The second base corresponds to the Y coordinate in pixels in each frame 
captured where the skeleton was detected as shown in Figure 5. This shows how the Y position of each of the 





Figure 4. Features of the coordinate X database 
 
Figure 5. Features of the coordinate Y database 
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The third base is calculated with the distance from each of the 25 points of the skeleton to the pixel 
one of the image, where 𝑋𝑎 and 𝑌𝑎 refer to the current coordinates of the 25 points (1). 
 
𝐷𝑃 = √(𝑋𝑎 − 1)
2 + (𝑌𝑎 − 1)
2 (1) 
 
In Figure 6, the sequence generated by the previous calculation is shown. It can be analyzed from 
the generated graph, how the distances to pixel 1 of the image with respect to each of the 25 points decreases 





Figure 6. Characteristics of the database from distance to pixel one (DP) 
 
 
The last database focuses on having a point of reference in the body of the person,  
specifically the Hip Center presented in Figure 2, and is calculated with the distance that exists from each 
point of the body to this, where 𝑋ℎ𝑐  and 𝑌ℎ𝑐  refer to the current Hip Center coordinate (2). 
 
𝐷𝐶𝐵 = √(𝑋𝑎 − 𝑋ℎ𝑐)
2 + (𝑌𝑎 − 𝑌ℎ𝑐)
2 (2) 
 
In Figure 7, the sequence generated by the previous calculation is shown, showing the distance from 






Figure 7. Characteristics database of the distance to the Hip-center (DCB) 
 
 
2.2.4.  Training and test data 
As input to the network, the sequences of each video are entered according to the database with 
which it will be trained, highlighting that there will be 25 characteristics in each of the databases.  
It is established that of the 220 videos captured, 168 are used for network training, corresponding to 76.36% 
of the total base and the remaining 52 corresponding to 23.63% are for test. In Figure 8, an example of 
the input sequences for training and testing the network with the DCB database is shown. Where each of 
the bars represents a sequence of some of the types of gear calculated in the base DCB. In this way, the X, Y, 
and DP databases have their input sequences to train and test each of the networks. 
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Figure 8. Inputs for training and testing the network 
 
 
2.3. Architecture and training 
In Figure 9, the architecture implemented for the network is shown. This architecture is chosen 
based on an iterative process where parameters such as the number of hidden units, depth of the network and 
number of Fully Connected layers were varied, looking for the results after training to have a greater 
percentage of accuracy. Initially, the network receives as input sequences with 25 features, as explained in 
the stage of creation of the databases, these features will depend on the database with which it is trained or 
put to the test (base X, Y, DP or DCB). The second layer corresponds to the LSTM, establishing 70 hidden 
units, finding that with this value a better performance in the training is obtained. Then follows a Fully 
Connected layer, where the number of filters is 4 corresponding to the number of categories for which 
the network was trained. Finally, there is the Softmax Function, which is responsible for establishing in each 
of the output categories the probabilistic value that the input has of belonging to a specific category,  
where the sum of these values will be 1, in [25] the operation of the softmax is explained in more detail.  
The category that has the highest value at the exit will be the category in which the network classified 





Figure 9. Architecture implemented 
 
 
For the training of the 4 networks, the same conditions are set. It was observed in the network 
training graph that with 150 epochs it is enough to obtain adequate percentages of accuracy in the recognition 
of the type of gait and without overtraining. An initial learning factor (LR) of 0.0001 is set from epoch 1 to 
90. In order for the weights to vary less aggressively and to be established in the system minimums, the LR is 
reduced by a factor of 10, leaving 0.00001 from 90 to 150. Finally, the size of the batch is set to 1,  
using a small value in this parameter will allow a greater generalization in the training of the network,  
as indicated in [26]. 
 
 
3. RESEARCH METHOD 
Table 1 shows a comparison between the 4 networks trained for each of the databases. For each one, 
the classification accuracy of the sequences in each category is observed, where the Y Database had  
the lowest accuracy and the DCB database the highest, with a 98.1% accuracy. The network trained with 
the DCB database obtained 100% accuracy in the classification of the Spastic Diplegic, Hemiplegic and 
Parkinsonian gait sequences. In the normal gait presented a 92.3% accuracy, incorrectly classifying only one 
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sequence, confusing it with a gait type Spastic Diplegic. Figure 10 shows the confusion matrix of the network 
that obtained the highest precision during training and tests. In the green diagonal are the sequences that were 
correctly classified, where the last value, corresponding to the lower right box, shows the accuracy obtained 
by the network, of 98.1%. The rows correspond to the classes that the network predicted and the columns to 
the real class. 
 
 
Table 1. Results of the networks trained with each database. 
 X Y DP DCB 
Normal 100% 100% 100% 92.3% 
Spastic Diplegic 38.5% 0% 0% 100% 
Hemiplegic 76.9% 100% 38.5% 100% 
Parkinsonian 69.2% 0% 100% 100% 




Figure 10. Confusion matrix with DCB database 
 
 
2.2.1.  Correct and incorrect classifications  
For this stage, only the trained network with the DCB database is analyzed, that is the one that 
obtained the best performance and therefore it is important to know in more detail what could be the possible 
causes of the 1.9% error in this network. Figure 11 shows the sequence of a case of each type of gait that was 
correctly classified by the network. First, the Hemiplegic Gait is presented, this has as a general feature 
variation in the distance of the points of the leg that suffers the paralysis with respect to the Hip Center.  
The normal gait, in general, does not tend to present drastic changes in the distance of each of the points to 
the center of the body. The Spastic Diplegic Gait is similar to the Hemiplegic gait, with the difference that in 
this the variations are presented in the features that correspond to both legs. Finally, in the Parkinsonian Gait,  
as the position of the body that tends to be bent, the features are closer together and given the tremors in  
the body alterations are shown in some of the characteristics. 
In general, the sequences of the gait patterns are clearly differentiated from the DCB base,  
which allowed the network to learn the patterns of the features. A particular case was classified in 
the incorrect category, Figure 12 shows a normal walking pattern, which was classified in the spastic diplegic 
category. If the features of the sequence are analyzed, it can be observed that the beginning of the gait, 
compared to normal walking, had a behavior that is not characteristic of this pattern. 
Seeing only the sequence of distance from each part of the body to the Hip-Center does not provide 
enough information about the cause of the anomaly in the pattern. For this reason in Figure 13a, the Skeleton 
of the person is shown and in Figure 13b, the path of the Skeleton. It is observed that indeed at the beginning 
of the trajectory the position of the legs is narrow, where this characteristic of a Spastic Diplegic type is 
typical. This abnormality in normal gait may be due to a user's initial poor position or noise problems in the 
person's Skeleton, causing the network to incorrectly classify the sequence. 
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Figure 13. Skeleton incorrect classification 
 
 
2.2.  Graphic user interface 
A graphic user interface is designed, in order to facilitate, organize and concatenate the processes 
presented in the paper. The first part of the interface is responsible for the acquisition stage of the database 
Figure 14. The first step in the acquisition of the Skeleton to calculate the databases is to select from the list 
what type of gait the person has. After clicking on "Acquire", the Kinect will be activated and once  
the person's Skeleton is detected for the first time, the button that says "Walk" will change to green indicating 
the user can start walking Figure 14(a). Once the person leaves the scene, in figure 14(b), the simulation of  
the gait of the user's Skeleton will be displayed, after which the 4 databases are calculated, plotted and  
stored Figure 14(c). 
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Figure 14. Acquisition of data in the graphic user interface 
 
 
Once the database is acquired, the next step is to train the network. In Figure 15, the section of  
the interface responsible for this stage is shown. First, it must be selected in the list of Figure 15(a), with 
what type of database it is wanted to train the network, then, various parameters must be set: name of 
the network, percentage of the database that will be for training, number of categories, number of features, 
hidden units, size of the batch and the number of training epochs. Once a value is selected for each of these 
parameters, in Figure 15(b), it must be clicked on the train button. Once the training is finished, click on 
the test button. In Figure 15(c), an example of one of the sequences of the base to be trained, the size of 
the training and test sequences be shown. In addition, if the user wishes to see in more detail the tests of 
the trained network and observe the percentages of accuracy of the network in each category, they can do so 





Figure 15. Train and Test in the graphic user interface 
 
 
The last part of the interface is shown in Figure 16. This section focuses on testing the trained 
networks and showing the categories in which the input sequences are classified. The first step is shown in 
Figure 16a, the type of database is selected in the list, and then the name of the network trained with that 
database is chosen. The tests can be done in two ways, the first by clicking on the "Acquire" button, 
the Kinect will be activated and, as in Figure 14(a), will indicate the user when to start walking. Once 
the person is not detected, the simulation of the user's gait with the Skeleton will be generated in 
Figure 16(b), then in Figure 16(c) the category in which the input sequence was classified is displayed in 
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green. The other option to perform the tests is by clicking on the "open base data" button of Figure 16(a), 
this will show a panel in this same section, the user must click on the pattern, then click on the "Open base" 
button, and a text will indicate how many videos it has available to test. Select a value between 1 and 
the indicated value of available data, if desired, can click on the radio button "Show Skeleton", to see, in 
Figure 16(b), the gait of the selected case. By clicking on the "run" button, the network will classify 
the selected pattern in one of the four categories of Figure 16(c). In the case of "Acquire", once the network 
classifies the sequence, the user can feed the databases of each walking pattern, by clicking on one of 





Figure 16. Diagnosis in the graphic user interface 
 
 
2.3.  Graphic user interface 
An important step in systems that implement deep learning algorithms is to know the time it takes 
the network to classify the sequences. In this way, it can be known if it is viable for applications in real-time 
and that, instead of causing delays in the processes, they are optimized. Table 2 shows the times it takes  
for the trained network with the DCB database to classify a single sequence. It should be noted that the tests 




Table 2. Processing times 
Type of Gait Time (s) 
Normal 0.0209 
Spastic Diplegic 0.0213 
Hemiplegic 0.0210 
Parkinsonian 0.0228 
Average time: 0.0215 
 
 
4. CONCLUSION  
Based on the results of the networks trained with each of the 4 bases, having a reference point in 
the body of the person during the walk allows the LSTM to discriminate the features of each type of gait 
pattern more accurately, in this case obtaining a 98.1% accuracy in the tests of the network. Identifying that  
the proposed system for the detection of abnormalities gait can be a useful support tool for doctors who need 
to make a diagnosis of this type. The proposed method and graphic user interface, apart from the Kinect 
sensor and a computer, do not require intrusive devices that may affect the person's gait pattern. Allowing it 
to be a tool that can serve as a support to physicians in the diagnosis of neurological diseases related to 
the gait patterns worked. The processing times show that, once the sequence to be classified is entered, 
the times will not vary significantly depending on the type of gait. In addition, having an average time of 
0.0215s in the classification will not significantly affect the patient's diagnostic processes. 
Int J Elec & Comp Eng  ISSN: 2088-8708  
 
Abnormal gait detection by means of LSTM (César G. Pachón-Suescún) 
1505 
To improve the accuracy of the network, it is necessary to test other methods to generate databases 
from the coordinates of the 25 points of the Skeleton, either changing the reference point in the body, 
combining the features of current databases or testing other mathematical methods. Another important point 
is to increase the database to train new networks or retrain existing ones. An interesting starting point for 
future developments, given the results obtained, is to include additional gait patterns to train the network, 
such as Myopathic Gait, Ataxic Gait or Sensory Gait. This would allow the system to address most of  
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